Marketing managers can increase shareholder value by structuring a customer portfolio to reduce the vulnerability and volatility of cash flows. This article demonstrates how financial portfolio theory provides an organizing framework for (1) diagnosing the variability in a customer portfolio, (2) assessing the complementarity/similarity of market segments, (3) exploring market segment weights in an optimized portfolio, and (4) isolating the reward on variability that individual customers or segments provide. Using a seven-year series of customer data from a large business-to-business firm, the authors demonstrate how market segments can be characterized in terms of risk and return. Next, they identify the firm's efficient portfolio and test it against (1) its current portfolio and (2) a hypothetical profit maximization portfolio. Then, using forward-and back-testing, the authors show that the efficient portfolio has consistently lower variability than the existing customer mix and the profit maximization portfolio. The authors provide guidelines for incorporating a risk overlay into established customer management frameworks. The approach is especially well suited for business-to-business firms that serve market segments drawn from diverse sectors of the economy.
1
The advantage of knowing about risks is that we can change our behavior to avoid them…. Optimal behavior takes risks that are worthwhile. (Engle 2004, p. 405) A lthough risk management is central to financial portfolio theory and occupies much of chief financial officers' time, researchers have given sparse attention to risk in the theory and practice of market segmentation and customer portfolio management. The existing portfolio of most firms reflects incremental and uncoordinated decisions from the past, when they gave little attention to how newly acquired customers contributed to the profitability and risk of the entire portfolio. For example, Homburg, Steiner, and Totzek (2009) find that firms tend to overestimate the value of top-tier customers and underestimate that of bottom-tier customers. In a similar vein, Dhar and Glazer (2003, p. 88 ) observe that few companies consider "whether all of their individually desirable customers are, from the standpoint of risk, desirable collectively." This practice is at odds with financial portfolio theory, which posits that although assets are selected individually, performance is measured on the entire portfolio, in which there is a tradeoff between risk and return (Markowitz 1952) . We theorize that, like a financial portfolio, a customer portfolio is formed by making choices among market-based assets (i.e., customers) that present different risk-reward characteristics and allocating resources to optimize performance (Gupta and Lehmann 2005; Srivastava, Shervani, and Fahey 1998) .
The purpose of our research is to explore how financial principles of diversification and the tenets of financial portfolio theory can be effectively applied to manage a firm's customer portfolio. We demonstrate how fundamental tools of analysis that professional investors use in constructing and managing a stock portfolio can be adapted and used to enrich a firm's market segmentation and customer portfolio decisions. First, we aim to identify risk that can (and should) be divested away because firms do not reap greater returns from assuming it and (instead) suffer losses when market conditions change. Second, we attempt to identify ways to construct efficient customer portfolios. Third, we build on these components to develop an actionable approach that, by looking beyond the returns from individual customers, exploits the synergies of a diverse customer base characterized by heterogeneous risk-return profiles and provides a new approach for managing a firm's market-based assets. Cardozo and Smith's (1983) initial application of financial portfolio theory to product portfolio decisions spawned criticism from Devinney, Stewart, and Shocker (1985) , who identify key differences between financial and product investment decisions, arguing that crucial assumptions of the theory were violated (see Cardozo and Smith's [1985] reply). However, recent research has demonstrated the potential insights that financial portfolio theory can contribute to customer portfolio management. Dhar and Glazer (2003) describe the importance of measuring the riskiness of customers (i.e., customer beta) and illustrate how a firm can maximize returns by acquiring or retaining particular customers or market segments on the basis of how their spending patterns contribute to the diversification of the cash flow of the overall customer portfolio. Ryals (2002 Ryals ( , 2003 also adopts a financial theory perspective to examine the risk and return characteristics of a customer portfolio and describe how a customer relationship scorecard can be used to assess customer risk. Likewise, Buhl and Heinrich (2008) offer a quantitative model based on financial portfolio theory that (1) considers the customer lifetime value (CLV) in addition to the associated risks of customer segments and (2) provides a method for adding and subtracting market segments. Using a case study from the financial services industry, they test the model by using the average annual incomes of key customer segments (e.g., lawyers, physicians) as an indicator of cash flows and demonstrate how the optimal portfolio provides both higher utility and better risk diversification than the existing portfolio.
This study makes the following contributions to customer portfolio theory and practice: First, we build on past research to show theoretically and empirically how to make a nuanced assessment of customer value by calculating the customer beta (Buhl and Heinrich 2008; Dhar and Glazer 2003) and contribute a new metric for customer portfolio management: the customer reward ratio. Customer beta provides a relative measure of the sensitivity of an individual customer's cash flow return to that of the firm's current customer portfolio. By adjusting for variability, the customer reward ratio, drawn from Sharpe's (1994) work, takes into account the risk-reward trade-off associated with the customer.
Second, the study evaluates the extent to which classic market segmentation variables (e.g., demographics, firmographics) can be used to predict cash flow characteristics (i.e., risk-return profiles) of customers so that managers can assess how potential (and existing) customers might contribute to the customer portfolio. Note that unlike some prior research that controls for customer heterogeneity (Niraj, Gupta, and Narasimhan 2001; Venkatesan and Kumar 2004) , our approach evaluates and exploits customer heterogeneity to improve business performance.
Third, the current study is responsive to calls for research that examines the financial impact of customer portfolio management decisions (e.g., Rust et al. 2004 ). We show conceptually and empirically how a firm can identify synergies among customers and assemble the optimal mix of customers by constructing an efficient frontier for customer portfolios. The efficient frontier describes alternative optimal customer portfolios-those characterized by minimum risk for a certain level of return or maximum return for a certain level of risk. Finally, Tuli, Bharadwaj, and Kohli (2010) provide evidence that the number and types of ties a company builds with its best customers not only ensures higher revenue but also reduces the variability of their purchases. We extend their work by demonstrating that the firm can manage its portfolio of customer relationships to control the overall variability of its cash flow.
We test the feasibility of applying key financial concepts to customer portfolios by implementing them using a 2 / Journal of Marketing, May 2011 seven-year series of customer data from a large business-tobusiness company. We begin by exploring whether we can segment the firm's customer base in ways that are comparable with financial asset classification. Then, we identify the firm's efficient customer portfolio and test it against (1) its current portfolio and (2) a hypothetical profit-optimization portfolio. Our results show that customers exhibit substantial differences in their risk-return profiles and that clustering techniques can be used to identify market segments for building efficient portfolios. Most important, we demonstrate that the firm's efficient portfolio has constantly lower variability than the existing customer mix and the profit maximization portfolio and that its profit performance is superior in the long run.
Conceptual Framework
This section reviews financial portfolio theory and conceptualizes how key financial constructs can be applied to customer portfolios. Then, we describe how these financial constructs can be calculated from customer purchase history data. Next, we turn to how firms can identify the most desirable customers by assessing the rate of reward on risk for each customer. Last, we address how firms can use these constructs and measures to segment their customer bases in ways that are comparable with financial asset classification.
Financial Portfolio Theory
Financial portfolio theory describes how investors can construct portfolios to maximize return according to a given level of market risk, emphasizing that risk is an inherent part of greater reward (Markowitz 1952) . In a stock portfolio, the lower the total correlation of a stock with the total return, the more desirable the particular stock is to the portfolio. For example, stocks drawn from different industries, different countries, and different-sized companies are affected by environmental and economic changes in specific ways (Niemira and Klein 1994) . Because many market changes cannot be anticipated, diversification ensures that the portfolio includes positive cash flow opportunities and smoothes out potentially negative cash flows. In terms of the variability and return of each asset, the optimal (efficient) portfolio is considered the one that has the least risk for a desired level of return or the highest level of return for a certain level of risk. Any other portfolio would be suboptimal. The set of efficient portfolios form the efficient frontier, which borders the set of all possible portfolios (Markowitz 1987) .
Among the criticisms of financial portfolio theory is the assumption that asset returns are normally distributed, although large swings in the market occur far more frequently than the normal distribution would predict. For example, the S&P 500 stock index has experienced a threestandard-deviation negative monthly return event ten times since 1926, though a normal distribution would predict such extreme returns perhaps one or two times (Kaplan 2009 ). Another criticism centers on the assumption that correlations between assets are stable. However, during periods of market stress, assets that were previously found to be uncorrelated can suddenly move in lockstep (e.g., Hubbard 2009 ).
Criticism has also been leveled against the efficient portfolio concept. For example, DeMiguel, Garlappi, and Uppal (2007) evaluate 14 optimal portfolio models advanced in the finance literature, which are based largely on the capital asset pricing model (Sharpe, Alexander, and Bailey 1999) , and find that none is better than a naïve approach, in which an investor allocates a fraction of wealth to each of the assets available for investment. However, by drawing on financial portfolio theory and defining the market portfolio as the existing customer base of a firm, our focus differs from the capital asset pricing model (for a critique in the context of customer portfolios, see Buhl and Heinrich 2008) .
Despite these criticisms, financial portfolio theory "plays a role in almost every area of financial practice and can be a useful tool for many important managerial decisions" (Grinblatt and Titman 2002, p. 97) . In turn, the theory has been used to inform economic development strategies at multiple levels of analysis. By applying financial portfolio theory to regional economics, Conroy (1974) introduces a method for measuring economic diversification that has spawned a rich research tradition in the regional science literature (for a review, see Dissart 2003) . In this context, a region represents a portfolio of assets (industry sectors) that make up the local economy, and each industry yields a return (employment) but also entails a risk (employment volatility).
Researchers have used this portfolio management framework to study the growth-instability trade-offs of metropolitan areas (e.g., Conroy 1974), individual states' and countries' economies (e.g., Lande 1994) , and international regions, including Western Europe (Chandra 2003) . For example, Lande (1994) examines the economic structure of selected states, identifying industry sectors that contribute to employment growth and stability in an optimal portfolio. Collectively, studies from this research tradition lend strong support to our view that financial portfolio theory can provide a valuable framework for evaluating and managing a customer portfolio, particularly for business-tobusiness firms that serve customers drawn from diverse industry sectors.
Cash Flow Stability and Firm Value
Extending the work of Srivastava, Shervani, and Fahey (1998) , we theorize that the market-based assets of a firm include distinct customer asset classes, which are characterized by differing degrees of cash flow variability and vulnerability. Customer asset classes represent the market segments that constitute the existing customer base and embody the outcomes of relationships between the firm and its customers. Investment portfolio decisions involve choices within and among various asset classes of stocks and bonds; in contrast, customer portfolio decisions involve choices within and among distinct customer asset classes (e.g., governance type, size, industry) that encompass both new and existing customers in the served market and present different risk-return profiles for the firm. In support, Gupta and Lehman (2005, p. 8) assert that customers are indeed assets, and therefore customer-related expenditures "should be treated as investments rather than expenses."
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They demonstrate that the value of the customer base provides a strong guideline for firm value.
In choosing among customers to add to a portfolio, the less a customer's purchasing behavior promises to be like that of the current portfolio, the stronger is its contribution to the stability and predictability of the portfolio; conversely, the more the behavior is like that of the existing portfolio, the weaker is its contribution. Therefore, the attractiveness of a customer hinges not only on the size and frequency of purchases but also on the degree to which the customer's pattern of purchases covaries with those of other customers in the portfolio. The declining cash flow from one customer may be offset by increased returns from another. For example, during a recession, a transportation company might experience a decline in revenue from discretionary retailers that is offset by an increase from discount retailers or declining revenue from auto producers that is partially offset by a growing revenue stream from after-market auto parts retailers.
By developing a risk-adjusted customer portfolio to achieve profit targets, marketing managers can contribute to firm value. Because investors favor stable over volatile earnings (Ang, Chen, and Xing 2006; Srinivasan and Hanssens 2009 ) and cash flows that are more stable and predictable reduce working capital needs (Rao and Bharadwaj 2008; Srivastava, Shervani, and Fahey 1998) , firms can enhance shareholder value by reducing the vulnerability and volatility of cash flows from the customer portfolio.
Customer Portfolios Versus Financial Portfolios
As the preceding section indicates, customers, like stocks, represent risky assets, and the cost of acquiring them should reflect the cash flow they are expected to generate over time. However, we acknowledge that key differences exist between financial and customer portfolios with respect to the nature of the assets, returns, and uncertainty. 1 Assets. Because customer portfolio decisions represent only one of many levels of marketing investment a firm makes, they are embedded in a far more complex investment management framework than financial portfolio decisions. Marketing investments are made to enhance the value of brand assets through, for example, product research and development, channel support, and advertising. To enhance the value of customer assets, the firm gives special emphasis to investments in customer relationship building by using elements of the marketing promotion mix (e.g., communications, sales force, customer-firm interactions; Ambler et al. 2002) .
Financial assets can be identified and readily purchased; in contrast, particular customers can be targeted, but there is no assurance that the firm will be successful in attracting them to the portfolio. Likewise, individual customer relationships take time to develop and usually require continuing investments (Johnson and Selnes 2004; Kumar 2008) . Therefore, an existing customer asset's price is the retention costs represented by these continuing expenditures, and the a new customer asset's price is the associated acquisition costs. Compared with a customer portfolio, investors can also readily make portfolio adjustments by selling assets at a market price and changing the proportion (weight) assigned to particular asset classes. In contrast, there is no liquid market for customer assets (Kundisch, Sackmann, and Ruch 2008) , and customer divestment can be costly and represents a strategic option that must be exercised sparingly (Mittal, Sarkees, and Murshed 2008) .
Financial assets can be purchased in parcels of any size; in contrast, customer assets are not infinitely divisible, and major portfolio adjustments can be costly and difficult to implement in a timely manner. An investor who wants to increase the portfolio weighting of a particular industry sector can readily implement this change by selling stocks from one sector (e.g., energy) and buying stocks in another (e.g., technology). To make corresponding changes in the weighting of market segments within the customer portfolio, a manager faces a longer time horizon, new strategy priorities, and a host of rigidities that the current strategy imposes. To illustrate, reorganizing the customer portfolio might require a realignment of sales and marketing communication strategies, highlighting the higher transaction costs associated with customer versus financial portfolios.
Return. For an investor, return is the change in value of the investment, which includes capital appreciation (or loss) plus the cash yield. Unlike financial assets, customers can be interconnected and contribute to the return of a market segment through social processes, such as positive word of mouth (Ryals 2003) . Return for the customer portfolio is the cash flow and profit (revenue minus cost to serve) that accrue to the firm from investments made in individual customers and market segments. The firm makes a host of other marketing investments that enrich the customer relationship strategy but are not directly captured in the cost-toserve calculation. To illustrate, the decision to increase the weighting of particular market segments in a customer portfolio might require corresponding investments in new product development or service support that go beyond the direct customer costs that we consider.
In a financial portfolio, the rate of return is independent of the amount invested. In contrast, a distinct difference between customer and financial portfolios is that the returns from investing in customers are likely to be nonlinear. Specifically, the amount of investment has a nonlinear relationship with the "return on customer," which means, for example, that small investments might be insufficient to attract or retain an individual customer or market segment.
Managerial control is among the unique characteristics that distinguish customer investments from financial investments (Devinney and Stewart 1988) . For example, a firm can increase sales and reduce sales variability by forging multiple types of relationship ties with a customer organization (Tuli, Bharadwaj, and Kohli 2010) or enhance returns by identifying elements of its customer management effort that provide the greatest marginal return on additional investments (Bowman and Narayandas 2004) . When an investor chooses an optimal weight for a particular asset class and purchases the associated securities, there is no
/ Journal of Marketing, May 2011
impact on the risk and return for that asset class. In contrast, managers can exercise a significant degree of control over the risk and return characteristics of the customer portfolio. For example, the weight assigned to a market segment can affect the performance of that segment because of increasing or decreasing returns to scale. Some market segments complement the economies of the seller's business better than others, and some customers within these segments are less costly to serve than others.
Uncertainty. The difference between the expected and actual realized returns of an asset constitutes uncertainty in financial portfolio theory. Investment uncertainty is characterized by the variability, or risk, in the return of a securitynamely, the deviation of the return from expected value during the holding period. Then firms use the variations in the returns of securities to estimate the covariance among the array of assets that constitute a portfolio. In the customer portfolio context, the deviation of customer cash flow and profit from their expected values provides a measure of risk. However, there are other sources of uncertainty that are unique to a customer portfolio. Unlike financial assets, which can be retained as long as the investor desires, customers can take independent actions and defect or shift a share of their total purchases to a competitor. Therefore, customer cash flow stability provides a narrow measure of the strength of a customer relationship.
Customer portfolio applications. To capitalize on the strength of financial portfolio analysis while managing the associated constraints and limitations, a firm can examine the risk-return characteristics and structure of its current customer portfolio. Specifically, we demonstrate how portfolio theory provides an organizing framework and supporting methodology for (1) diagnosing the variability in the overall customer portfolio, (2) assessing the complementarity/ similarity of market segments, (3) exploring the weights of market segments in an optimized portfolio, and (4) gauging the reward on variability that individual customers or segments provide.
In applying financial theory to customer portfolio management, some key limitations must be understood and managed. First, during periods of severe economic stress, market segments that were previously uncorrelated can suddenly move in tandem, limiting the benefits of diversification. Second, our approach determines how the current customer base might be reconfigured into an optimal portfolio, but some of these adjustments are costly and raise a host of strategic issues beyond the scope of our analysis. The optimal portfolio can best be viewed as an ideal customer base that managers can evaluate, revise, and assemble over time. Therefore, the optimization process should include a qualitative overlay based on managerial judgment to arrive at recommended resource allocations by segment. In Markowitz's (1952, p. 91) seminal work, he emphasizes that the statistical results that issue from his approach should be viewed as tentative and then enriched by judgment "on the basis of factors or nuances not taken into account by the formal computations." Third, our analysis examines the cash flow and profit of individual customers but does not assess other important customer metrics, including customer satisfaction, loyalty, or share of wallet. Likewise, we do not consider the host of factors that influence individual customer profitability, such as demand stimulating the firm's efforts or competitive behavior (Bowman and Narayandas 2004) . To that end, our conceptualization of customer portfolio risk complements, rather than replaces, other approaches from the customer management research tradition that examine other types of risk, such as the risk of defection and the probability of achieving CLV outcomes (e.g., Blattberg, Getz, and Thomas 2001; Bolton, Lemon, and Verhoef 2008; Rust, Lemon, and Zeithaml 2004) .
Appropriate market contexts. Our approach specifically applies to situations in which there are meaningful differences in variability across the market segments that constitute a firm's customer portfolio. Therefore, we believe the approach is best suited for the business market, in which these conditions are often present. Compared with consumer packaged goods contexts, business marketers tend to allocate greater proportions of their sales and marketing resources at the individual customer level. Likewise, many business-to-business firms serve market segments drawn from diverse sectors of the economy, each of which demonstrate a distinct demand function (Dickson and Ginter 1987) . The approach might also be appropriate for businessto-consumer firms that have direct contact with the customer, such as telecommunications and financial services companies. However, the approach will be less suitable in these or other situations if market segments tend to be highly correlated.
Customer Portfolio: Risk and Reward
Markowitz (1987) measures risk using the variability of the price of the asset, which represents a good proxy for the probability of encountering an unexpected outcome. The risk and return associated with the cash flow of each customer can be computed using purchase history data. Historic analyses are based on the assumption that the future will be like the past (Sharpe, Alexander, and Bailey 1999) , and variance is difficult to forecast. However, we assume that the relationships and correlations of the past are sufficiently stable and that past variability is a good proxy for future variability (Balagopal and Gilliland 2005; Chan, Karceski, and Lakonishok 1999) .
Cash flow variability and overall customer portfolio risk.
We define "risk" as volatility or variability associated with cash flow, and it is traditionally estimated using standard deviation or variance. The formula for computing the vari-
, and standard deviation is s A = V A 1/2 , where x Ai is the cash flow for customer A in the ith period in which a cash flow occurred, x A is the average value of cash flow from customer A for the N A periods, and N A is the number of periods in which a cash flow from customer A occurred.
To obtain a standardized measure of variance that corrects for differences in the average levels of cash flows across customers, we compute the coefficient of variation as follows:
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We compute the risk of the entire portfolio V p using a similar formula, except that the cash flow used is the average of all customer cash flows (Markowitz 1987) : where x j is the cash flow from all customers active in period j, x j = S 1 M j x jk (where M j is the number of customers active in period j and x jk is the cash flow from firm k in period j); N is the number of periods considered; and x p is the average value of cash flow from the customer portfolio for the N periods and M firms, x P = (S N j = 1 x j )/(N -1). To compare the performance of portfolios with different levels of performance (e.g., different means), we standardize the values by dividing the monthly values by the mean of the portfolio before computing variability.
Customer Beta and Customer Reward Ratio
Customer beta. To identify the most desirable customers, we need a reliable measure of the consistency of returns for an individual customer compared with a reference customer or portfolio. In finance applications, beta-a measure of the volatility of an investment-is computed relative to an appropriate asset class, usually the market portfolio. The market portfolio consists of all assets, with the weight of each held in proportion to the total market value. Because the determination of a comparable portfolio that includes all customer assets across all firms represents a daunting, if not impossible, task, we define the market portfolio as the firm's current customer base, in line with Buhl and Heinrich (2008) , Dhar and Glazer (2003) , and Ryals (2002) .
In the financial context, the market is assumed to be efficient, implying that information is fully and immediately reflected in market prices (Fama 1970; Sharpe, Alexander, and Bailey 1999) . In contrast, the customer portfolio is not efficient. For a company, variations in the customer portfolio might reflect the overall performance of certain industries or sectors of the economy. Therefore, rather than using beta to describe the risk of the overall portfolio, customer beta captures the degree to which an individual customer contributes to the risk of the entire portfolio:
where cov(x i , x P ) is the covariance between the individual customer cash flow and the cash flow of the overall customer portfolio and V p is the variance of the cash flow for the overall customer portfolio.
Customer reward ratio. In measuring the rate of return on risk of a customer-in other words, the reward for assuming variability-Sharpe's pioneering work (1994; see also 1966) provides the foundation for the customer reward
ratio. The reward is measured as the return above the riskfree rate:
where RR i represents the customer reward ratio, R i represents the return for customer i and R f represents the return for the risk-free customer proxy, and s i represents the standard deviation of the return. When there is no risk-free asset available, R f = 0, and the equation is simplified to Finding a risk-free proxy for the customer portfolio (the equivalent of treasury bills, the benchmark for risk-free investments) is often possible. For example, some companies have a set of low-return customers that they might prefer not to serve, but they choose to do so to fill spare capacity and achieve a modest return. Although not directly targeted, these customers provide a benchmark return.
If one of the goals in designing a customer portfolio is to minimize the risk for a certain level of return, a key question becomes, What is the level of return that a customer or segment with a certain level of variability provides? The customer reward ratio provides the means for evaluating the risk-reward trade-offs of customers in the portfolio. We provide a measure for evaluating the relative attractiveness of customers with different levels of return and variability. When customers possess similar return or variability characteristics, distinguishing the most desirable customer is straightforward. (For the same level of risk, the customer with the highest return is preferred, and for the same level of return, the customer with the lowest variability is preferred, all else being equal.) However, when both risk and return are different, the customer reward ratio provides the means to identify the most attractive customer.
Segmenting or Classifying Customers According to Risk
In financial markets, assets are grouped into categories that share certain risk-return and variability characteristics (e.g., blue chip stocks, bonds, treasury bills). We can group customers into segments using cluster analysis according to the monthly variability in their cash flows and then observe whether the resultant segments share other characteristics that are meaningful and actionable in the marketplace, such as demographics and firmographics. In other words, two key questions in determining the feasibility for building an efficient customer portfolio include the following: (1) Are there significant differences in variability and rate of return across market segments? and (2) Can we identify the differences in variability associated with specific customer characteristics (e.g., size of the company, industry)? If the answer to both questions is yes, we can build efficient portfolios according to the risk-return profiles of clusters rather than individual customers (for which cash flows can be somewhat unpredictable). Therefore, we first test whether there are significant differences in cash flow variability among different segments that can be characterized in ways that are normally used for segmentation. Then we attempt to construct an efficient customer portfolio and evaluate its performance.
Research Design

Study Context
We test the applicability of our approach to customer portfolios using purchase history data from a business-to-business company with a diverse customer base. 2 The client company provided monthly sales and profit data (earnings before interest and taxes; hereinafter, EBIT) for all customers for a seven-year period. The company's records also contained information for each customer regarding number of product lines purchased, size of business, geographic locations, and industry sector. The company had served more than 10,000 customers in the seven years. However, we focused on the top 250 customers from each of the years 2001-2007, which amounts to 516 unique customers and 98% of all sales. We supplemented the cooperating company's purchase records with information from public databases. Specifically, 456 of the 516 business customers were uniquely identified using Dun & Bradstreet codes, so that we could record the number of employees and sales revenues for specific sites and the entire company/customer.
Analysis Plan
In Stage 1, before developing the efficient portfolio, we want to assess whether meaningful differences in variability exist among customer segments. Stage 2 centers on segmenting (i.e., clustering) customers according to purchasing patterns (using standardized monthly purchases over six years) rather than using an a priori segmentation scheme. Next, we identify the segments by examining their financial and nonfinancial characteristics. For the segmentation to be actionable for managers, customers in the same segments must share common characteristics, which can be used to identify similar (potential) customers. Stage 3 centers on identifying the efficient frontier and building an efficient customer portfolio using the variabilitybased segmentation scheme identified in Stage 2 to develop a diversified portfolio of customers, which should outperform value maximization portfolios in the long run. Stage 4 involves an evaluation of the diversified portfolio's performance. The firm's business performance should be enhanced in two ways: higher returns or reduced risk (or both). Thus, we evaluate the success of our approach by comparing the scenario reflecting the outcomes of the efficient frontier with the "actual" risk-return profile for the following year and a profit maximization scenario-all calculated using the holdout sample data.
Stage 5 makes necessary adjustments in the composition of the customer portfolio by reexamining the performance (purchases) of current customers, individually and by segment. Using customer reward ratios and customer beta indicators, we can asses the riskiness of individual cus-tomers and gauge their impact on the overall portfolio. Using this information-and maintaining a perspective of company goals and the external environment-marketing managers can decide on a case-by-case basis whether it is desirable to attract more business from the specific customer or to identify segments with similar characteristics to pursue in the future.
Stage 1: Assessing Differences in Variability Among Customer Segments
Our assessment is based on an examination of the sales over time from different market segments defined on an a priori basis. Specifically, we use the first six years of purchase history data to investigate whether there are significant differences in coefficients of variation across market segments defined by relationship type (contractual vs. noncontractual), size of business, and industry type. Appendix A provides a full discussion of this analysis.
Compared with noncontractual relationships, the analysis indicates that contractual customer relationships have lower variability and their introduction into a customer portfolio reduces the overall variability. Likewise, customers from small and medium-sized businesses (SMBs) have lower variability than large business customers. For the industry analysis, we classified customers using the NAICS (North American Industrial Classification System) combined with Standard & Poor's (S&P) sector classification. 3 Appendix B provides customer reward ratios, betas, and coefficients of variation of customer purchases over time in different industry sectors. The industry analysis was inconclusive because many of the industries were represented by only a few large customers; however, the trends were visibly distinctive. Figure 1 provides a graph of sales revenue over time for the ten industry categories of customers that generated the highest average sales. For example, observe that the retail sector exhibits a pronounced growth pattern over six years, while all others exhibit more modest growth, with the auto sector and transportation manager customers registering a noticeable decline after 2004.
On the basis of this analysis, we conclude that there are statistically significant differences in sales variability for customers with contractual versus noncontractual relationships and between customers of different sizes. There are also meaningful differences in sales trends for customers from different industries. Therefore, we believe the foundation is in place to identify market segments characterized by different risk levels (e.g., betas, customer reward ratios) and to build an efficient customer portfolio for the cooperating company.
Stage 2: Transactional Segmentation
Market segments should be characterized by different demand functions and purchase patterns (e.g., Dickson and
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Ginter 1987). Market segmentation based on similarities or differences in purchasing patterns is called transactional segmentation, which has been used in financial services firms to determine patterns that signal defections (Pearson and Gessner 1999) .
Each customer has unique and common characteristics, so we utilized a hierarchical clustering analysis of the monthly purchase data for each customer to observe the common characteristics. The procedure (PROC CLUSTER, in SAS, using the average linkage method) grouped customers according to squared distances, in which distance was measured by the monthly cash flow levels (standardized revenue). 4 Because there are 72 months of observation in the data, each customer is characterized by 72 variables. A six-cluster solution was robust to method changes, providing support for a solution that is useful for managerial action. The six-cluster solution grouped together customers with similar trend characteristics. Comparisons among clusters revealed that even though the statistical techniques were based on cash flow patterns exclusively, the resulting clusters differed in terms of company size, dominant industries, overall variability, customer reward ratios, and betas. Appendix C presents the results of these comparisons, and Figure 2 illustrates the patterns of the clusters. 3 Standard & Poor's identifies ten industry sectors: energy, materials, industrials, consumer discretionary, consumer staples, health care, financials, information technology, telecommunication services, and utilities (Source: "S&P Industry Classification Standard," [accessed June 5, 2009] , [available at www2.standardandpoors. com/ spf/pdf/index/GICSIndexDocument.PDF]). 4 We standardized each customer's revenue by dividing the monthly value by the mean revenue for the 72 months. Standardization enables us to cluster by using variability patterns alone, without interference from the size of the customer purchases. 
FIGURE 1 Industry Trends
Stage 3: Identifying the Efficient Frontier and Building an Efficient Customer Portfolio
Each cluster has a certain level of return, as Figure 2 shows. We computed the return per cluster using profitability data by customer as provided by the sponsoring firm (return = total EBIT per cluster divided by the total revenue per cluster). Using the six clusters, we can now build an efficient portfolio by minimizing the cash flow variability for 2006 given a certain level of return. Although we use the data for 2001-2006 to build the clusters, we use 2006 as the reference year-because it is closest to the holdout period (2007)-to compute the efficient frontier. We need to identify a set of optimal weights for each of the clusters X¢ = [x 1 x 2 x 3 x 4 x 5 x 6 ] that minimizes the portfolio variance and that, multiplied by the return per cluster, adds up to the targeted return. By varying the expected return, we can draw the entire efficient frontier (Markowitz 1991) .
To develop the efficient frontier, we used the quadprog function in MATLAB to minimize variance-covariance matrix for various levels of return (in increments of .2%). The quadprog function is designed to solve quadratic programming problems, in which a covariance matrix is mini-
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mized by varying the weights of the parameters, while satisfying certain linear conditions: min 1 / 2 X T HX, such that AX £ B and Aeq X = Beq, where X is the vector of weights (X T is X transposed) and H is the return covariance matrix or the covariance matrix computed using the monthly return for all clusters. The inequality AX £ B, where A = - [I 6 ] (I being the identity matrix) and B¢ = [0, 0, 0, 0, 0, 0], ensures that all cluster weights are positive. The equations Aeq X = Beq, where Aeq = [1, 1, 1, 1, 1, 1; r 1 , r 2 , r 3 , r 4 , r 5 , r 6 ] (with r 1 -r 6 being the actual returns for clusters 1 to 6) and Beq¢ = [1, R] (with R being the target return), ensure that the sum of weights for all clusters is 1 and the sum of the returns for the efficient portfolio matches the desired return. Quadratic programming is classically used for mean-variance portfolio selection (Feldstein 1969) . The quadprog function uses the medium scale algorithm for this type of problem and involves a two-stage approach: It first estimates a feasible point and then generates a sequence of feasible points until convergence occurs. 5 5 MathWorks (http://www.mathworks.com/help/toolbox/optim/ ug/brnox7l.html).
As expected, the efficient portfolios bordered the set of possible portfolios (Markowitz 1959) . The efficient portfolio with the lowest risk is Portfolio E1 (see Figure 3 and Table 1 ), which has a relatively equal representation of all clusters, except Cluster 6. 6 Observe that Cluster 3, which is composed predominantly of small business customers, has the highest representation in this portfolio (26%). The efficient portfolio with the highest return is Portfolio E10, which is dominated by Cluster 5 (92%; see Table 1 ), the cluster with the highest return.
The weights of Cluster 3 (small business customers) in the efficient frontier portfolios vary from 6% in Portfolio E9 to 26% in Portfolio E1. As the percentage of Cluster 3 decreases, the level of risk increases. This pattern shows how diversity increases the stability of a portfolio because introducing smaller business customers into a portfolio over-
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weighted with large business customers reduces the risk of the portfolio. To have a balanced portfolio, the cooperating company requires a certain percentage of small business customers, but no more than 26%. Above 26%, the variability of small business customers outweighs the benefits of diversification. From the standpoint of an individual investor buying securities, the stocks of the companies that constitute a firm's efficient customer portfolio would not represent an efficient stock portfolio for that investor because a host of factors influence stock values, including company strategy, new product announcements, operating efficiency, among many others (e.g., Srinivasan and Hanssens 2009 ).
Not only is it computationally more efficient to build the efficient frontier using clusters of customers rather than individual customers, but it is also more actionable for managers. An efficient customer portfolio constructed from individual customers might suggest seeking incremental sales from a given customer that far exceed the customer's requirements. By selecting customers from clusters, the role 
Return (%)
Notes: Portfolio 3 offers identical return to the current portfolio for less then half the variance (43%).
Current Portfolio
E3 is an efficient portfolio that offers identical return with the current portfolio but has minimum risk (variance) of similar characteristics is emphasized, making the identification of potential new customers easier and implementation more straightforward. This approach offers managers the choice of either increasing the level of business conducted with current customers in the cluster (if the opportunity exists) or serving new customers with similar characteristics that define the cluster. Moreover, from a practical standpoint, managers can even apply this approach at the group (cluster) level if they find it difficult to determine the specific return per customer. The risk could be estimated according to the variability of the customer revenue and used in combination with the return per cluster to estimate the efficient portfolio.
Stage 4: Testing the Efficient Portfolio
We have constructed an efficient customer portfolio that minimizes variance for the study period. We compare the performance of this portfolio with that of a profit maximization portfolio, built using the best customers for 2006 and assuming that the company is able to acquire 25% more customers with the same level of profit as its best customers (which the client company would do if it could). First, we compare the performance of an efficient portfolio (E5), the actual portfolio and the profit maximization portfolio and "back-test" them for 2001 through 2005. 7 A customary practice in finance is to test strategies under historical market conditions to evaluate their viability and effectiveness. This method is especially useful to test a portfolio under different economic conditions, given that testing with future data is not an option. In Figure 4 , Panels A and B, we compare the results for the three portfolios; that is, we compare variability (risk) and actual profits (return).
Using back-testing, we notice that the efficient portfolio constantly has much lower variability than either of the other two portfolios for all six years examined (Figure 4 , Panel A). In terms of profit performance, the efficient portfolio outperforms the actual portfolio each year except 2004 and 2005, which were extremely profitable for the company (Figure 4, Panel B) . The profit maximization portfolio outperforms the actual and efficient portfolios for just one of the years, 2005. In years of high growth, riskier portfolios are more likely to outperform low-risk portfolios. However, for the other years, further out on the horizon from the benchmark year for which the portfolio has been optimized, the efficient portfolio outperforms both the actual and profit maximization portfolios, providing evidence for the stability of our method. Second, we compare the three portfolios using forwardtesting; that is, we use the data for 2007 that have not been used in any other previous analysis. (To do so, we matched the customers that entered the top 250 for the first time in 2007 to clusters using the size of the business, industry profile, and previous purchase history.) When comparing 2007 performance, the efficient portfolio outperforms the actual portfolio: higher profit and lower variability. The efficient portfolio has lower overall profitability than the profit maximization portfolio, but it has a much lower variability. In stable economic conditions, we expect that in the first year (short run), the efficient portfolio might not outperform a profit maximization portfolio.
To further test the robustness of the efficient portfolio concept as applied to a customer portfolio, we also built efficient portfolios using the data for each of the years in the 2001-2005 interval and then using data from the remaining years as the holdout sample. For example, we built the efficient frontier for 2001 and used 2002-2007 data as the holdout sample. Except for 2004, when the company implemented midyear accounting changes related to the measurement of customer profitability, we could fully identify the efficient frontier. According to the simulation results, each efficient portfolio had similar benefits: The variability was constantly much smaller for all the years examined while controlling for the mean (Figure 4 , Panel C) and in absolute value (Figure 5 ), though the profitability was comparable with that of the current portfolio (Figure 4, Panel D) . These results show the stability of the solutions computed for difRisk and Return in a Customer Portfolio / 11 ferent years; in simulations, they all manifested a similar level of profitability and substantially lower variability.
Stage 5: Revising the Current Customer Portfolio Toward an Efficient Portfolio
Thus far, our analysis has centered on groups of customers that share certain characteristics. However, inside clusters, some customers might be more desirable than others, and given limited resources, the firm should prioritize its customer retention/acquisition efforts. This issue should be considered when the firm reweights its customer portfolio to move toward an optimal composition.
Recall that the customer reward ratio can be measured as a function of a risk-free asset (in our case, a risk-free customer proxy) or in absolute terms. By incorporating the risk-free asset into the calculation, the customer reward ratio provides a more meaningful measure of the relative attractiveness of alternative customer investments. 8 The manager can consider the return provided by investing in the risk-free asset and take into account how a diversified allocation of resources might be more attractive than investing in a single asset.
Consider the risk-free asset that a logistics service company might use. Transportation managers act as brokers for 
Year Portfolio Variance
Actual portfolio variance Efficient portfolio variance 8 For example, for a return of 15 and a standard deviation of 10, the customer reward ratio without the risk-free asset is 1.5 (15/10); with a risk-free asset with a return of 3, it is 1.2 (12/10). For an asset with return of 28 and standard deviation of 20, the customer reward ratio without the risk-free asset is 1.4 (28/20, less attractive than the first asset), but taking into account the risk-free rate, the customer reward ratio is 1.25 (25/20, compared with 1.2 for the first example), which is more attractive than the first asset considered.
SMBs. They are often used by logistics service companies to find customer shipments to fill at least some capacity for return routes from one-way transports. For performing this helpful service, they are charged less than most other customers, and their purchases are highly variable. Considering them the "risk-free proxy" in computing the reward ratio provides a useful benchmark for a logistics company. For firms that produce maintenance and operating supplies, a risk-free proxy might be a segment of large distributors that desire private label products that a firm could produce to fill excess capacity. Identifying the risk-free customer proxy for a business requires deep insight into the strategic and daily operations of the business because, ideally, the risk-free customers should be strategically irrelevant and always available for the right price. For businesses in which the "strategically irrelevant" customers cannot be identified, the return of the risk-free proxy is 0.
For the client company, we identified a segment as a risk-free proxy that initially seemed rather unappealing: a lower return (EBIT) than other customers (2.4% compared with 6.2%, p < .05), without loyalty, and strategically irrelevant. Importantly, observe that the customer reward ratio does not determine the absolute desirability of a customer. Firms should also consider the impact of the customer on the overall portfolio (i.e., customer beta) in addition to other strategic aspects, like growth potential. However, for customers with similar impact on the portfolio and no specific strategic consideration, the customer reward ratio provides a clear criterion for choosing the most desirable customer. Appendix B provides a summary of the customer reward ratios for key industry sectors.
Appendix B shows that most of the industries in the top ten (if ranked using the customer reward ratio) belong to the discretionary category. It is noteworthy that customers in lawn and garden, machinery, and office supply categories have the highest levels of reward on risk. When the client company executives saw the analysis, they realized that many of the customers that provided the highest reward on risk were not receiving adequate attention. Represented here are customers that provide attractive margins but also are characterized by high variability. These clients request services when they need them, and to receive the speed and quality of the services that they demand, they are willing to pay a premium price.
Data Analysis Conclusion
Using the efficient frontier applied to customer segments, we identify an optimal composition of the customer portfolio that outperformed, in terms of variability, both the client company's current strategy and a profit maximization portfolio, as demonstrated by back-and forward-testing (see Figure 4 ). By using a diversified, efficient portfolio, companies could reduce the vulnerability and volatility of cash flow from the customer portfolio, better insulating the firm during downturns in the economy without sacrificing performance in the long run. We demonstrate how managers can use customer beta and the customer reward ratio to evaluate specific individual customers and to make corresponding adjustments in the customer portfolio.
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Discussion and Managerial Implications
Marketing managers face increased pressure to demonstrate the financial impact of marketing resource allocation decisions (Rust et al. 2004) . By demonstrating how financial portfolio theory can be applied to customer portfolio management, our research contributes to marketing theory and practice on several counts. First, we extend Srivastava, Shervani, and Fahey's (1998) work by demonstrating conceptually and empirically how the market-based assets of a firm include distinct customer asset classes that are characterized by differing degrees of cash flow variability and vulnerability. We test whether customers can be categorized into segments that share similarities with asset classes used in traditional financial investments and find support for our belief that financial portfolio theory is relevant in a customer portfolio context. In particular, we show that market segments-defined a priori according to classic market segmentation variables-could be characterized in terms of their risk, in addition to their return, thereby contributing to traditional market segmentation theory. Second, we contribute to research on customer portfolio management (e.g., Dhar and Glazer 2003; Johnson and Selnes 2004) by introducing two methods to assess the value of a customer: customer beta and the customer reward ratio. Responding to the call of Rust et al. (2004) , our approach embraces (rather than controls for) customer heterogeneity as a path to improved business performance. For example, we demonstrate how the customer reward ratio can be used to examine a customer portfolio through a new lens that allows managers to isolate desirable customers that receive high scores on the reward-on-variability measure. As we illustrate, the attractive customers that rise to the top on this measure often present a profile that may not be detected when using classical criteria such as average level of purchases.
Third, we present an actionable plan to guide marketing managers in creating and managing a diversified portfolio among existing and new customers. To this end, we constructed segments according to the variability of standardized revenue. We obtained clusters with a high degree of uniformity in terms of level of revenue, size of the business, and industry. We combined the clusters to form an efficient frontier that describes the portfolio with the lowest variability of returns for a desired level of return. Both back-and forwardtesting showed that it is possible to build an efficient customer portfolio. We conclude that if companies want to increase the stability of the customer cash flow, risk management techniques can be implemented to ensure diversity among existing and potential customers/segments. This study demonstrates that companies can diversify their customer portfolios by developing a thorough understanding of customers' purchase patterns and the drivers of these purchasing patterns (e.g., size, preferences for product lines, industry sector).
The Efficient Versus the Profit-Maximizing Customer Portfolio
The goal of building an efficient customer portfolio is different from the profit-maximizing objectives first identified in Blattberg and Deighton's (1996) path-breaking article and extended in subsequent studies (Blattberg, Getz, and Thomas 2001; Reinartz and Kumar 2003; Reinartz, Thomas, and Kumar 2005) , which focus on profit maximization in the short and long run. There will be some similarities between the efficient and profit-maximizing customer portfolios, but there will also be differences. For example, observe in Table 1 that Cluster 5, which dominates the current portfolio and contains some of the most profitable customers, has similar weight in the optimized portfolio (E5).
In contrast, in the efficient portfolio, weights for the other clusters are increased dramatically, especially for Cluster 3, which is dominated by SMBs. In other words, SMBs-often not a priority for some businesses-provide a balancing element when it comes to portfolio optimization. Cluster 1, which has relatively low profitability and high variability, is the one in which weight has been decreased most drastically for the efficient portfolio compared with the company's current portfolio, from 41% to 4%. Considering that Cluster 1 is one in which customers have exhibited the most growth, decisions regarding the customers in this group should be made on a case-by-case basis.
Implementing the Portfolio Approach
Compared with corresponding adjustments in a financial portfolio, changes in the composition of a customer portfolio involve higher transaction costs, require a longer time horizon to implement, and can introduce a host of strategic alignment issues to consider. Managerial judgment and the strategic goals of the firm ultimately guide the selection of the target portfolio. Therefore, the cluster weights that define the efficient customer portfolio provide a tentative portfolio structure that managers can then adjust after examining the full range of customer metrics that CLVbased methods employ. Observe from Table 1 that the portfolios along the efficient frontier vary widely in cluster weights. For example, the portfolio with the lowest risk (E1) has a balanced composition, whereas the portfolio with the highest return (E10) gives dominant weight (92%) to Cluster 5. Represented in Cluster 5 are large customers, drawn from several industries, which provide higher average revenue and lower variability than other clusters. By isolating the risk-return characteristics of these customers, managers can make more informed judgments for targeting customers and estimating future returns.
The key difference between customer and financial portfolios is that managers can directly influence outcomes. Past studies in the CLV research tradition provide valuable insights into how profitability can be enhanced by selecting the right customers for targeting and determining the level of resources to be allocated to specific customers (e.g., Kumar 2008; Bowman and Narayandas 2004) . Also, a wealth of other metrics, such as customer loyalty, share of wallet, and strength of the exchange relationship, guides customer management. Our approach can be readily incorporated in established customer management frameworks to aid managers in balancing risk and return in a customer portfolio.
limitations and Further Research
Although our approach allows managers to examine the risk-return characteristics of a customer portfolio through a Risk and Return in a Customer Portfolio / 13 new lens, this study presents some limitations that could spawn further research. First, because the current study is confined to a single firm and industry, further research is needed to test the viability of our approach in different industry contexts. The data and methods used in this research are available to most companies: purchase transactions over time, limited demographics or firmographics, and profitability by cluster. Second, the current study centers squarely on the structure of the existing portfolio and therefore does not consider the addition of new market segments. Buhl and Heinrich (2008) offer a heuristic method for adding new segments to the customer portfolio, which provides a promising start for further research.
Third, the customer portfolio measures used in this study center on the variability of cash flow and profitability but are insensitive to the direction of movement. Therefore, managerial judgment, informed by established customer management approaches, is needed to discern the root cause of the variability (i.e., growth or decline of cash flow). Further research could explore customer resource allocation from a downside-risk perspective (Harlow 1991) . Fourth, we assessed the desirability of customers by analyzing the past volatility of purchases. However, for estimating future customer worth, the most appropriate measure would be future volatility. To determine the future volatility, Engle (1982) proposes a weighted moving average model that takes into account the long-term behavior of a financial asset. By analyzing customer purchase information, a similar model of weighted moving averages could be explored to predict future customer cash flow variability more accurately.
Conclusion
In his Nobel Prize acceptance speech, Markowitz (1991, p. 496) mentions that "an investor who knows the future returns with certainty will invest in only one security, namely the one with the highest future return." However, as Bernstein (1999, p. 1) notes, "Even the most brilliant of mathematical geniuses will never be able to tell us what the future holds. In the end what matters is the quality of our decisions in conditions of uncertainty." We propose an approach that customer portfolio managers can follow to cope with uncertain market conditions and to improve the quality of their resource allocation decisions. This research offers a new perspective on customer portfolio management, acknowledging an aspect that has been virtually ignored: the risk of the customer. Paraphrasing Engle's (2003) Nobel Prize acceptance speech, we infer that acknowledging risks should provide insight into which customers are truly worthwhile.
Appendix A Cash Flow Variability by
Customer Type
Contractual Relationships
Customer-firm relationships range from formal contractual to transactional relationships. Transactional relationships are low involvement, occurring on an as-needed basis. Contractual relationships are governed by rules that are mutually agreed on by the contracting parties (Gundlach and Murphy 1993) . Due to their explicit nature, contractual relationships are more predictable than transactional ones and typically yield cash flows with less variability. Thus, when a high proportion of customers have entered into contractual agreements with the firm, especially long-term contracts, the overall risk of the firm's customer portfolio will be low. We compare the coefficients of variation for customer purchases over time between contractual and noncontractual relationships for the cooperating company in the following way: The client company offers four different product lines (similar services, but with different delivery characteristics). Product Line 1 relies on contractual relationships, in which assets are allocated to a specific customer, thus restricting the firm's flexibility to deploy these assets elsewhere. All other product lines have greater flexibility and no contracts attached.
The coefficient of variation (CoV) for Product Line 1, CoV Line 1 = .525, is significantly lower (p = .000) than the coefficient of variation for any other product line (CoV Line2 = .879, CoV Line3 = 1.216, CoV Line4 = 1.740, CoV All Lines = .708). In other words, the contractual product line (1) has the smoothest, most predictable cash flows, thereby insulating the firm from troughs (downtimes) and peaks (busy times). By serving customers that prefer a contractual relationship, the firm reduces the coefficient of variation for its overall customer portfolio.
Size of Business
Research regarding financial portfolios has shown that small firms periodically tend to outperform and underperform large firms, exhibiting a negative correlation in returns (Reinganum 1992) . Small firms outperform large firms during economic booms, but the effect disappears during recessions (Kim and Burnie 2002) . Large business customers, characterized by financial soundness and greater volume, represent the equivalent of the blue-chip stocks in a financial portfolio (i.e., stocks of companies with steady earnings and a solid reputation but slower growth). In contrast, SMBs have high growth potential (Acs and Audretsch 1990) . If large firms dominate a financial portfolio, variations in their business cycles will have a substantial impact on their suppliers (LaBahn 1999). Although SMBs usually have less influence on the overall financial portfolio individually, they can be combined to achieve diversification and lower overall variability, provided their revenue streams are not positively correlated (Markowitz 1987 ).
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We compare the coefficients of variation for customer purchases over time between companies of different sizes using a median split based on the number of employees. The coefficient of variation for the small companies was .67, statistically different (p = .023) from the value of .77 for large companies.
Industry Classification
Industries are affected differently by external economic events. For example, a downturn in the economy is often accompanied by a decrease in home construction and an increase in home improvement projects. A price increase for a commodity (e.g., silicone) might result in a substantial price increase for automobile tires, whereas the price of personal grooming products (e.g., shampoos, liquid soaps) might increase very little because silicone is not a relevant component. Dhar and Glazer (2003) show that targeting customers in different segments reduces the risk of a revenue decline when economic conditions are changing.
We classified customers into major NAICS categories (e.g., transportation, paper and packaging, automotive) combined with the S&P global industry classification categories, which are designed to capture sector differences. By combining classification schemes, we obtain a finer granularity that allows for more uniformity within the identified categories. For example, NAICS identifies retailers, whereas the S&P standard makes the distinction between discretionary (e.g. Kohl's) and staples (Wal-Mart) retailers, which are likely to respond differently to peaks and troughs in the economy. Appendix B presents customer reward ratios, betas, and coefficients of variation for customer purchases over time in different industry sectors.
Because there are only a small number of companies in each category (e.g., seven customers provide revenue from large discretionary retail companies [line 11 in Appendix B]), there is insufficient statistical power for t-tests of the differences in the average coefficients of variation across categories. However, for example, when we compare the office supply segment (line 9), with the food and beverage segment (line 14), we notice important differences. Office supply customers are more attractive than the food segment: Negative beta signals negative correlation with the overall portfolio, the customer reward ratio is much higher, and the coefficient of variation is much smaller (i.e., lower risk). However, the cooperating company has many more customers in the food sector (42) than in the office supply sector (3), and therefore the t-tests were inconclusive. 
APPENDIX B Coefficient of Variation
